
I. Introduction

Healthcare informatics is a multidisciplinary field that has 
grown over the last few years. One of the main reasons for 
this growth is the integration of machine learning (ML) al-
gorithms into clinical decision-making, with the goal of pre-
dicting diseases and assisting doctors in the diagnostic pro-
cess. ML applications draw upon high-quality data recorded 
either using sophisticated equipment or wearable sensors 
and mobile devices. Research has shown that consumer-
grade sensors embedded in smartphones, such as acceler-
ometers, gyroscopes, and microphones, effectively detect 
digital biomarkers and have the potential to help researchers 
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develop useful tools for the management and assessment of 
diseases [1]. 
	 In healthcare informatics research, most ML algorithms 
follow the supervised learning approach. First, a preprocess-
ing algorithm extracts useful features from raw samples of 
subjects to create training and holdout sets. Each dataset 
forms a matrix of features and records with an additional 
class feature in the training set to designate whether a record 
belongs to a case or a control subject. Different classifiers are 
then trained on the training set, and their performance is 
measured on the holdout set. Only the classifiers that dem-
onstrate model generalizability on unseen data are consid-
ered clinically useful. This data splitting process can be done 
in two different ways: subject-wise or record-wise. Subject-
wise division ensures that the subjects in the training and 
holdout sets are independent. In other words, the records 
from each subject are assigned to either the training or the 
holdout set.
	 Contrarily, record-wise division splits the dataset ran-
domly, without taking into account that the training set and 
the holdout set could share records from the same subjects. 
Measuring a model’s performance on a holdout set divided 
using the record-wise method can lead to incorrect reported 
performances. However, because medical datasets are not 
easy to obtain, it is not always possible to have a separate 
holdout set; thus, there is a need to estimate classifiers’ per-
formance using cross-validation (CV) [2]. Researchers use 
various CV techniques, such as k-fold CV and leave-one-out 
CV, but choosing the wrong technique could lead to incor-
rect results, as many CV techniques simulate the record-
wise division process. Furthermore, if a separate dataset is 
unavailable, the model’s generalizability cannot be demon-
strated. 
	 This paper aimed to illustrate how record-wise division 
can go wrong in a diagnostic scenario and how subject-wise 
division is the correct way to divide a dataset and estimate 
a model’s performance using CV. We demonstrated our hy-
pothesis by creating a dataset from raw smartphone record-
ings to classify Parkinson’s disease (PD). We then split this 
dataset into training and holdout sets, using subject-wise 
and record-wise divisions. We estimated the performance of 
two pipelines—support vector machine (SVM) and random 
forest (RF)—using six CV techniques that simulated either 
subject-wise or record-wise behavior. A discussion is pre-
sented based on a comparison of the results. 
	 The rest of the paper is organized as follows: Section 2 
describes our methodology in detail, Section 3 presents the 
results, and Section 4 discusses the findings. 

II. Methods

1. Dataset Creation
The database used in this study was collected from the 
mPower Public Research Portal [3,4]. mPower is a clinical 
study of PD performed only through a mobile application 
interface that consists of seven tasks to be completed by 
subjects, of which we were only interested in two (the demo-
graphic survey and the voice activity tasks). Our dataset was 
created in three phases: the acquisition of raw audio record-
ings, the choice of valid participants, and the extraction of 
audio features. 

1) Data acquisition and subject filtering 
To acquire the voice recordings, we used Python and SQL 
with the Synapse client [5]. The demographic survey was 
then used to separate subjects with PD (SWP) and healthy 
controls (HC). 

Step 1: Subject filtering with the demographic survey
Subjects were classified as having PD if they were profes-
sionally diagnosed by a doctor; had a valid date of diagnosis; 
were parkinsonians (not caretakers); had never undergone 
surgery or deep brain stimulation to treat PD; and had a 
valid age. Subjects were said to be healthy if they were not 
professionally diagnosed by a doctor, had an invalid date of 
diagnosis, had no movement symptoms, and had a valid age. 

Step 2: Subject filtering with the recording’s medical time point
In the voice activity task, subjects were asked to record their 
voice three times a day at a steady pace using the smart-
phone’s microphone, saying “Aaah” for 10 seconds. HC could 
record their voice at any time of the day, while SWP were 
required to record their voice at three specific times if they 
took PD medication: immediately before taking PD medica-
tion, immediately after taking PD medication, and at anoth-
er time of the day. Otherwise, they could record their voices 
three times a day at any time. In this step, we kept only the 
recordings of subjects who did not take PD medication or 
recorded their voices before taking PD medications. Each of 
the selected subjects had a unique identifier (healthCode), 
which was used in step 3.

Step 3: Matched case-control study
In case-control clinical studies, researchers always aim to 
have an equal distribution of subjects to increase efficiency 
[6]. In this step, we evenly distributed the subjects of the two 
groups (SWP and HC). We selected only two recordings for 
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each subject, as some subjects had many recordings, while 
others participated only once. Additionally, we analyzed each 
recording to ensure that we selected valid ones with minimal 
environmental noise. Furthermore, we matched the groups’ 
subjects by age and gender. We also selected subjects who 
were 40 years of age and older, as PD tends to affects more 
older individuals [7]. The final selected cohort is described 
in Table 1.

2) Audio feature extraction
Feature extraction is an essential step in ML and pattern 
recognition systems [8], especially when dealing with audio 
data. Audio signals are non-stationary, and feature extrac-
tion is done on a frame basis by dividing the signals into 
short frames [9]. Using the pyAudioAnalysis [10] library, 
we extracted important audio features from the recordings, 
using short-term and mid-term processing techniques with 
a windowing procedure. All the recordings were sampled 
at 44.1 kHz and divided into short-term windows of 25 ms 
with a step size of 10 ms (usually between 20 and 40 ms [10]). 

This step generates a large matrix of features for each record-
ing, making it necessary to apply the mid-term processing 
technique with a window of 4 seconds and a step size of 2 
seconds (usually between 1 and 10 seconds [10]) to calculate 
feature statistics (feature_mean, feature_std, delta_feature_
mean, delta_feature_std). Our dataset formed a data frame 
of 4,926 records × 139 features (Supplementary Tables S1 
and S2).

3) Subject-wise and record-wise techniques
The objective of CV techniques is to assess the performance 
of predictive models in small datasets or when holdout data 
is unavailable for analysis [11]. This is often the case with 
medical datasets, which are often characterized by limited 
availability and limited subjects with repeated measure-
ments, where each subject generates multiple samples (e.g., 
multiple audio recordings or X-ray scans and CT scans in 
image recognition problems). Furthermore, as these datasets 
are small, they are often used only during the training phase 
because limiting the size of the training data poses a risk of 
having a non-generalizable model. Thus, it is necessary to 
use CV to correctly estimate a model’s performance on un-
seen data. 
	 Before starting the classification of PD, we divided our 
dataset into two subsets (a training set and a holdout set) in 
two different ways: subject-wise division and record-wise 
division (Figure 1).
	 Using the subject-wise division, the dataset was divided 
by the subjects’ healthCode, which means that the training 
set had different subjects than the holdout set. Since each 
subject had two recordings, this division ensured that each 
person’s recordings were either in the training set or in the 
holdout set. This division simulated the process of a clinical 
study. Using the record-wise division, the dataset was di-

Table 1. Final distribution of valid subjects in this study

PD group HC group Total

Number of recordings 424 424 848

Number of subjects 212 212 424
Sex

   Male 161 161 322
   Female 51 51 102
Age (yr) 58.97±8.95 

(40–79)
58.97±8.95 

(40–79)

Values are presented as mean ± standard (min–max).
PD: Parkinson’s disease, HC: healthy controls.

Subject 1

Subject 2

Subject 3

Subject 4

Subject 5

Subject 6

Record 1
Record 2
Record 3

Record 1
Record 2
Record 3
Record 1
Record 2
Record 3
Record 1
Record 2
Record 3
Record 1
Record 2
Record 3

Record 1
Record 2
Record 3

Dataset
Shuffled
dataset

Record-wise Subject-wise

Training set

Test set

Figure 1. ‌�Subject-wise and record-
wise divisions.
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vided randomly into training and holdout sets, without con-
sidering that those sets could share recordings of the same 
subject. For data partitioning, we used 67% of the dataset as 
the training set and the remaining 33% as the holdout set in 
both subject-wise and record-wise divisions. 
	 The training set was used with different CV techniques to 
estimate model performance on unseen data, and the hold-
out set was used to assess the performance of the models on 
separate unseen data by measuring the true classification er-
ror in both divisions. For CV, we used six techniques that are 
described in Table 2 [12,13].
	 The CV techniques were organized into two groups. The 
subject-wise CV group simulated subject-wise division and 
included stratified-group k-folds CV, leave-one-group-out 
CV, and repeated stratified-group k-folds CV. The record-
wise CV group included stratified k-folds CV, leave-one-out 
CV, and repeated stratified k-folds CV. The performance of 
the two groups is compared in the Results section.

2. Classification Models
1) Data pre-processing
Before starting the modeling phase, our dataset needed pre-
processing in the form of data imputation and data scaling. 
In the data imputation step, missing values in a feature vec-
tor were replaced with the mean of the corresponding feature 
vector [14]. This step is essential since many classifiers, such 
as SVM, will not accept a dataset with missing values. Data 
scaling, in contrast, was used to normalize and standardize 
the dataset, as it contained different features with differ-
ent scales. This step ensures that all the features contribute 
equally to the learning process. 

2) Feature selection
Feature selection is one of the main concepts of ML. Having 
a large number of features in the dataset increases the com-
plexity of the models and may reduce their performance. 
Various feature selection techniques are widely used in the 
literature [15], including analysis of variance and the Lasso 
and Ridge techniques. In this work, we used ElasticNet, 

Table 2. Record-wise and subject-wise cross-validation (CV) techniques

CV group CV technique Description

Record-wise 
group

Stratified k-folds CV 
(skfcv)

With this technique, the dataset is divided into k blocks (folds) in a stratified manner [12]. 
One of the k blocks is selected as the validation set, while the remaining k–1 blocks con-
stitute the training set. This process is repeated k times, with k = 10. As we are dealing 
with a binary classification problem, stratification is essential to ensure an equal distribu-
tion of both classes (persons with Parkinson’s disease and healthy controls) in each fold.

Leave-one-out CV 
(loocv)

In this technique, only one record is left out for each learning process [12]. We consider n 
the number of records of our dataset, training is done on n-1 records, and validation is 
done on a single record. This process is repeated n times.

Repeated stratified  
k-folds CV (rskfcv)

This technique is similar to stratified k-folds CV, but it is repeated n times [12]. We 
consider n the number of repetitions and k the number of blocks. This process is re-
peated k × n times, with k = 10 and n = 5. This method guarantees a more accurate 
estimate than without repetition.

Subject-wise 
group

Stratified-group  
k-folds CV (sgkfcv)

Using this technique, the dataset is divided into k blocks in a stratified manner with 
group of subjects [13]. This means that if a subject with a set of records is in block k, the 
recordings of that person do not occur in block k–1. One of the k blocks is chosen as the 
validation set, while the remaining k–1 blocks constitute the training set. This process is 
repeated k times, with k = 10.

Leave-one-group-out  
CV (logocv)

In this technique, we leave out the records of only one group of subjects for each learning 
process [12]. We consider g the number of people in our dataset, learning is done on g–1 
groups, and validation is done on a single group. This process is repeated g times.

Repeated stratified- 
group k-folds CV  
(rsgkfcv)

This technique is similar to stratified-group-k-folds CV, but it is repeated n times [13]. We 
consider n the number of repetitions and k the number of blocks. This process is repeat-
ed k × n times, with k = 10, and n = 5. This method guarantees a more accurate estimate 
than without a repetition.
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which is a method combining the advantages of both the 
Lasso and Ridge techniques [12,16].

3) Machine learning workflow and pipelines
This study’s ML workflow was as follows: data imputation, 
data normalization and standardization, feature selection, 
and then classification. Repeating this process every time a 
CV technique is applied would be excessively time-consum-
ing and lead to massive data leakage issues. To avoid this 
problem, we used pipelines. A pipeline is a way to automate 
the ML workflow, which is divided into independent modu-
lar parts that are reusable, making the models efficient and 
simplified and eliminating redundant work. In this study, we 
created two pipelines: the SVM pipeline and the RF pipeline; 
their hyperparameters were optimized using the randomized 
search technique (Table 3) [12,17].
	 To compare the different CV techniques, we extracted a 
confusion matrix and calculated four performance measures 

to assess the pipelines’ performance: accuracy, sensitivity, 
specificity, and the F1-score (Table 4). The methodology is 
illustrated in Supplementary Figure S1.

III. Results

Figures 2 and 3 present the performance of the SVM and RF 
pipelines, respectively, with a dataset divided using subject-
wise division. Figures 4 and 5 present the performance of 
SVM and RF pipelines, respectively, with the same dataset, 
but divided randomly using record-wise division.

1. �Record-Wise Cross-Validation Group versus Subject-
Wise Cross-Validation Group

Figures 2–5 show that the record-wise CV techniques out-
performed the subject-wise CV techniques. For example, as 
shown in Figure 2, the accuracy of the SVM pipeline using 
the record-wise CV techniques was 73.54%, 73.75%, and 

Table 3. Support vector machine (SVM) and random forest (RF) pipelines with their hyperparameters

SVM pipeline Hyperparameters RF pipeline Hyperparameters

SVM_Pipeline = {
 Imputation,
 Normalization,
 Standardization,
 Fs_elasticnet,
 SVM
}

Imputation = {
 Strategy = ‘mean’
}

Normalization = {
 Feature_range = (0,1)
}

Standardisation = {
 with_mean = True, 
 with_std =True
}

Fs_elasticnet = { 
SelectFromModel {
ElasticNet {
 L1_ratio = 0.66,
 alpha = 1.0
}}}

SVM = {
 kernel='rbf ',
 gamma='scale', 
C=0.30000000000000004,
}

RF_Pipeline = {
 Imputation,
 Normalization,
 Standardization,
 Fs_elasticnet,
 RF
}

Imputation = {
 Strategy = ‘mean’
}

Normalization = {
 Feature_range = (0,1)
}

Standardization = {
 with_mean = True, 
 with_std = True
}

Fs_elasticnet = {
SelectFromModel {
ElasticNet {
 L1_ratio = 0.9,
 alpha = 1.0
}}}

RF = {
n_estimators=100,
max_features='auto', 
min_samples_split=2, 
min_samples_leaf=2,
}
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Table 4. Performance measures

Performance measure Equation Description

Accuracy TP + TN
TP + TN + FP + FN

Accuracy is the proportion of correctly classified participants diagnosed with and 
without Parkinson’s disease among the total number of cases examined.

Sensitivity TP
TP + FN

Sensitivity measures the proportion of participants diagnosed with Parkinson’s 
disease who have been correctly identified by the classifier.

Specificity TN
TN + FP

Specificity measures the proportion of healthy participants who are correctly iden-
tified by the classifier.

F1 score 2TP
2TP + FP + FN

The F1 score is a measure of the accuracy of a test. It is calculated from the preci-
sion and the sensitivity of the test.

The following definitions are used in the equations:
True positive (TP) refers to the number of participants diagnosed with Parkinson's disease who are correctly identified by the classifier.
True negative (TN) denotes the number of healthy participants who are correctly identified by the classifier.
False positive (FP) refers to the number of healthy participants who are incorrectly identified by the classifier.
False negative (FN) denotes the number of participants diagnosed with Parkinson’s disease who are incorrectly diagnosed by the classifier.

Figure 2. ‌�Performance of the support vector machine (SVM) pipeline with various cross-validation (CV) techniques compared to sub-
ject-wise division. (A) Accuracy. (B) Sensitivity. (C) Specificity. (D) F1 score.
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73.53% for stratified k-folds CV, leave-one-out CV, and re-
peated stratified k-folds CV, respectively. In contrast, the ac-
curacy of the same pipeline using the subject-wise CV tech-
niques was 62.26%, 62.68%, and 63.13% for stratified-group 
k-folds CV, leave-one-group-out CV, and repeated stratified-
group k-folds CV, respectively. The same trends can be ob-
served in the remaining figures with the RF pipeline and the 
four performance measures. 

2. �Record-Wise and Subject-Wise Cross-Validation 
Groups versus Subject-Wise Division

Although the record-wise CV techniques outperformed the 
subject-wise CV techniques using both pipelines, a compari-
son of the performance of those techniques with the perfor-
mance of the same pipelines on unseen data with a subject-
wise division showed that the record-wise CV techniques 
presented a much larger error (classification error) than 
the subject-wise CV techniques. For example, as shown in 

Figure 2, using the SVM pipeline with the four performance 
measures, the error between the record-wise CV techniques 
and the subject-wise division was approximately 20%, 
whereas the error between the subject-wise CV techniques 
and the same division was around 10%. The same trends can 
be observed in Figure 3, using the RF pipeline and the four 
performance measures, where the error between the record-
wise CV techniques and the subject-wise division was more 
than 25%, while the error between the subject-wise CV tech-
niques and the same division was approximately 3%. 

3. �Record-Wise and Subject-Wise Cross-Validation 
Groups versus Record-Wise Division 

In this case, where the dataset was divided using record-wise 
division, the pipelines’ performance using the record-wise 
CV techniques was approximately equal to the performance 
of the pipelines on unseen data. For example, as shown in 
Figures 4 and 5, the error between the record-wise CV tech-

Figure 3. ‌�Performance of the random forest (RF) pipeline with various cross-validation (CV) techniques compared to subject-wise division. 
(A) Accuracy. (B) Sensitivity. (C) Specificity. (D) F1 score.
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niques and the record-wise division using the SVM and RF 
pipelines was approximately 2% and 1%, respectively, with 
the four performance measures. In the other case, as shown 
in the same figures, the pipelines’ performance using the re-
cord-wise division was higher than their performance using 
the subject-wise CV techniques. In terms of performance, 
the error between the record-wise division and the subject-
wise CV techniques was approximately 7% and 17% for the 
SVM and RF pipelines, respectively. 

IV. Discussion

What matters most in ML applications is the performance 
of the models on unseen data. CV techniques estimate the 
performance of those models, and by choosing inappropriate 
techniques, the classification error could be underestimated. 
The results showed that the record-wise CV techniques out-
performed the subject-wise CV techniques in every case, 

although the latter techniques simulate the true process of 
a clinical study. From these results, we can conclude that 
subject-wise division is the correct way of dividing a medi-
cal dataset. This division ensures that the training set and 
the holdout set are subject-independent. The true reason for 
including a holdout set is to present the true error and show 
how each group of techniques estimates the performance 
of the pipelines. When dividing the dataset using subject-
wise division, we observed a noticeable difference in error 
between the record-wise CV and the holdout set. This er-
ror is a sign of overfitting, which is caused by data leakage. 
Record-wise CV techniques divide the dataset into training 
and validation sets by records, without taking into account 
the possibility that records of a given subject could be found 
in both the training set and the validation set; because the 
records of the same subject are correlated, the classifier does 
not only learn to classify the disease, but it also learns to 
identify the characteristics of each participant, thus overes-

Figure 4. ‌�Performance of the support vector machine (SVM) pipeline with various cross-validation (CV) techniques compared to re-
cord-wise division. (A) Accuracy. (B) Sensitivity. (C) Specificity. (D) F1 score.
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timating the pipeline's performance and underestimating 
the classification error. When dividing the dataset using the 
record-wise division, we observed that the performance of 
the pipelines on the holdout set was much higher than the 
performance of the subject-wise CV techniques, but this 
behavior is incorrect from a practical standpoint, as the per-
formance of models on unseen data should always be lower 
than their estimated performance using CV. This behavior is 

a sign of underfitting, which results from data leakage from 
the beginning, caused by using an incorrect way of dividing 
the original dataset by records. Dividing the dataset using 
record-wise division could lead to an underestimation of 
classification error even on unseen data because the resulting 
holdout set from this division, in reality, does not represent 
unseen data due to the fact that records from the subjects 
in the training set leaked to the holdout set during the divi-

Table 5. Execution times of the different cross-validation (CV) techniques

CV group CV techniques Execution time Is the technique valid in this study?

Record-wise Stratified k-folds CV 1 min No

Leave-one-out CV 6 hr 16 min 2 s No

Repeated stratified k-folds CV 4 min 49 s No
Subject-wise Stratified-group k-folds CV 1 min 10 s Yes

Leave-one-group-out CV 31 min 35 s Yes

Repeated stratified-group k-folds CV 4 min 59 s Yes

Figure 5. �Performance of the random forest (RF) pipeline with various cross-validation (CV) techniques compared to record-wise division. 
(A) Accuracy. (B) Sensitivity. (C) Specificity. (D) F1 score.

100

80

60

40

20

A
c
c
u
ra

c
y

(%
)

0

RF pipeline s accuracy

80.76

62.94

81.30

62.73

80.84

63.21

80.07

100

80

60

40

20

S
e
n
s
it
iv

it
y

(%
)

0

RF pipeline s sensitivity

100

80

60

40

20

0

RF pipeline s specificity
100

80

60

40

20

F
1
_
s
c
o
re

(%
)

0

RF pipeline s F1_score

80.27

62.06

81.37

63.10

80.60

62.50

81.39

81.24

63.80

81.24

62.36

81.07

63.91

78.78 80.54

62.43

81.19

62.68

80.67

62.77

80.20

skfcv sgkfcv loocv logocv rskfcv rsgkfcv Holdout Holdout

skfcv sgkfcv loocv logocv rskfcv rsgkfcv Holdout

S
p
e
c
if
ic

it
y

(%
)

Holdout

rsgkfcvskfcv sgkfcv loocv logocv rskfcv

skfcv sgkfcv loocv logocv rskfcv rsgkfcv

A B

C D

CV techniques vs Record-wise holdout set CV techniques vs -wise holdout setRecord

CV techniques vs -wise holdout setRecord CV techniques vs -wise holdout setRecord

skfcv: Stratified k-folds cross-validation
sgkfcv: Stratified group k-folds cross-validation
loocv: Leave-one-out cross-validation
logocv: Leave-one-group-out cross-validation
rskfcv: Repeated stratified k-folds cross-validation
rsgkfcv: Repeated stratified-group k-folds cross-validation
Holdout: Record-wise holdout set



198 www.e-hir.org

Ilias Tougui et al

https://doi.org/10.4258/hir.2021.27.3.189

sion process. Therefore, the classifier will not only learn to 
classify the disease, but also to identify the characteristics of 
each subject, and the difficult task of disease classification is 
replaced by the task of participant identification.
	 The results of the present study are supported by the find-
ings of Saeb et al. [18], who used the Human Activity Rec-
ognition Dataset to assess how subject-wise and record-wise 
CV techniques estimated the RF classifier’s performance. 
This dataset contains samples of 30 subjects performing six 
tasks recorded using a smartphone’s accelerometer and gy-
roscope. Each subject had an average of 343 records, result-
ing in a dataset of 10,299 records. The results showed that 
record-wise CV overestimated the classification accuracy 
and underestimated the classification error compared to 
the subject-wise CV technique. By varying the number of 
folds from 2 to 30, the subject-wise CV error started at 27% 
and decreased to 7%. In contrast, the record-wise CV error 
started at 2% and remained steady even when the number 
of folds increased. Furthermore, those researchers carried 
out a systematic review of published studies that used CV 
techniques; they extracted 62 papers that met their chosen 
criteria and found that 45% of studies used record-wise CV 
techniques. They also found that the reported classification 
error of the subject-wise CV was more than twice that of the 
record-wise CV, reflecting incorrectly optimistic results from 
record-wise CV. 
	 In the field of health informatics, CV techniques are widely 
used by researchers, and, as shown in this study, choosing 
the wrong technique could lead to a massive underestima-
tion of the classification error, especially when a holdout set 
is unavailable to demonstrate the generalizability of a model. 
Based on this experiment, we present below the correct pro-
cedure for dealing with medical datasets. 
	 •�If the dataset is large enough to be divided into training 

and holdout subsets, one should use the subject-wise 
division technique. The training set and the holdout set 
must be subject-independent.

	 •�Data preprocessing, feature selection, and model build-
ing should be grouped into pipelines to avoid data leak-
age.

	 •�If the dataset is small, a subject-wise CV technique 
should be used to estimate model performance on un-
seen data. In Table 5, we present the execution time of 
each CV technique carried out using a 4 threads process-
ing unit running at 1.9 GHz.

	 We believe that this study will be of great interest to re-
searchers and will serve as a reference for future works.
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